Abstract. Accurate sensor spectral sensitivity (SSS) plays an important role in color reproduction, imaging, and computer vision. However, such data are not always available from manufacturers. We focus on recovering SSS from raw data, and propose a method to recover SSS. Using raw data, instead of sRGB data, to recover the SSS is due to the fact that the raw data are more closely related with actual sensor response values than sRGB data. With the raw data, the SSS can be recovered more accurately than with sRGB data that is widely used to recover SSS by almost all state-of-art recovery methods. Besides applying raw data in the recovery process, the other contribution is that we propose a new and simple cost function for the SSS recovery problem. This problem is then transformed into an optimization issue by minimizing the cost function. This minimization can be solved by a multiobject optimization method with a genetic algorithm. In contrast to the previous methods, our method is simple and has no parameter that needs to be determined by some prior knowledge. We validate our method through the experiments and comparison with the state-of-art methods under different illuminants.
Introduction
Sensor spectral sensitivity (SSS) recovery of a digital camera is an important topic in optical design and computer vision tasks. Once SSS is known, it can be used in many applications, such as color constancy, 1 illumination modeling, 2 spectral reflectance recovery, 3 demosaicing, 4 and color correction. 5, 6 In color constancy, e.g., the SSS is necessary to obtain scene illuminant from image data. Nevertheless, it is usually not available, especially for some consumer cameras. Therefore, SSS is required to be recovered from the image data in many computer vision tasks.
Concerning SSS recovery, the main issue is accurate recovery using a simple method in the presence of noise. For this purpose, many methods have been proposed in the literature. Vora et al. 7 proposed a standard technique for accurate SSS recovery. However, it requires many types of equipments, such as a monochromator, a tungsten source, and a series of filters. Thus, in some cases, it is difficult to use. It is only a laboratory method and suggested as EMVA Standard 8 due to its accuracy. Hardeberg et al. 9 proposed a method that applies principal component analysis to reconstruct SSS from multiple images. Sharma and Trussell 10 presented a set of theoretical approaches for reconstructing SSS, which incorporates prior knowledge into an estimation framework. The common drawback of the methods mentioned above is that they require multiple images or additional prior knowledge to recover the SSS. Moreover, their procedures are somewhat complicated. In order to simplify the procedure, many researchers proposed some alternative methods to recover the SSS. Finlayson et al. 11 presented an approach based on a single calibration target image instead of multiple images. The method only requires a user to record RGB response of a camera with a number of objects and their known surface reflectance. They also apply some additional prior knowledge of the sensor's characteristic, such as positivity and smoothness. They use a number of basic functions and parameters to express SSS and formulate the problem as quadratic programming. The same method is also used in Ref. 12 . Carvalho et al. 13 introduced a new technique that does not rely on any prior knowledge about the sensor's characteristic. Ebner 14 estimates the SSS of a digital camera using evolution strategies to solve the energy minimization problem. Recently, Han et al. 15 presented a new estimation method using fluorescence without a known illuminant spectrum. In these methods, the SSS is represented by a number of basic functions and parameters.
In these previous works on SSS recovery, it is usually assumed that images captured by a digital camera can accurately describe the actual scene radiance. In fact, many digital devices are designed only to create visually pleasing pictures rather than capture an accurate physical description of the scene radiance. In other words, the image data acquired by a digital device cannot represent actual sensor spectral response. In fact, only raw data of an image can describe the scene radiance. (The detail is explained in Sec. 2.) Up until now, few researchers have focused on this issue in SSS recovery problem. Instead of raw data, most of the methods of SSS recovery apply sRGB values or other values. [9] [10] [11] [13] [14] [15] [16] [17] Although the sRGB data used in Ref. 14 are preprocessed for reducing the difference with the raw data, they still cannot describe accurately the actual scene radiance compared with the raw data. Therefore, the error is introduced in the process of the SSS recovery. In addition, the above methods need much prior knowledge for SSS recovery. For example, the number and the type of basic functions, as the prior knowledge, must be known in Refs. 10, 11, and 15 .
In this paper, we propose a new method for SSS recovery from a single raw image. For this purpose, we decode the raw data of the images captured by Canon 5D Mark II and Nikon D100 with raw support, respectively. In our method, a new simple multiobject function and some constrains are defined. The SSS recovery problem is converted into a multiobject optimization problem. For this problem, a genetic optimization algorithm is applied using the MATLAB optimization tools.
Compared with other methods, our method has four advantages: (1) the raw data are used to recover the SSS; (2) the recovery method requires only a single raw image of calibration target; (3) a simple cost function is proposed and it has no parameter that needs to be determined by some prior knowledge; and (4) it can recover the SSS more accurately than other methods under different illuminations. Thus, our method can be widely applied in the SSS recovery in practice.
The rest of the paper is organized as follows. In Sec. 2, a color image formation model is introduced. In Sec. 3, we describe our proposed method. Then, we present our experimental results and compare them with other methods in Sec. 4. We end this paper with some discussions and conclusions in Sec. 5.
Color Image Formation Model
The color image formation process for a single spatial location on a sensor array is given as follows. The beam from a light source illuminants the object and is reflected by the object surfaces. A digital image device then collects the reflected beam for imaging. In this process, some beams are absorbed and will enter the device through some filters. An optical detector is arranged to measure the reflected signals inside the digital devices. Then, the actual response value is outputted by a sensor and the raw data are created by digital camera. This procedure is shown in Fig. 1 .
To create a color image, three color bands are required. Therefore, a digital device needs three different sensors to acquire the red, green, and blue parts of the spectrum. However, such a scheme has some drawbacks: expensive cost and additional complexity. Generally, a commercial digital device only employs one sensor and overlays with a color filter array to solve such problem. The most popular array pattern is Bayer pattern 18 as shown in Fig. 2 . When the raw data are created by a sensor as shown in Fig. 3 , a full-color image is reconstructed from the raw data with Bayer pattern. The sensor then outputs the spectral response data of each channel. The above process is described by the formula as follows. For convenience, we denote red channel, green channel, and blue channel with 1, 2, and 3, respectively. Let Wu et al.: Recovering sensor spectral sensitivity from raw data Q i ðλÞði ¼ 1; 2; 3Þ be the spectral sensitivity of the i'th channel. EðλÞ is the spectral power distribution of the scene illuminant, S j ðλÞ is the surface reflection imaged at pixel j, and I i j is the spectral response data of the i'th channel at pixel j. It is given by
where M is the total number of pixels.
To perform the calculation, we discretize Eq. (1) as follows:
EðkΔλÞS j ðkΔλÞQ i ðkΔλÞ; i ¼ 1; 2; 3;
where Δλ is the sample interval and N is the total number of sample points. 
Given a set of spectrum and the corresponding spectral response values, Eq. (3) can be written as follows with matrix form:
where I i ¼ ½I When such measured data are saved into an image, the raw image is created. In fact, this imaging process is not finished for many digital devices. In order to realize accurate color reproduction and create visually pleasing pictures, a series of transformations are usually applied. The process is shown in Fig. 3 . First, the raw data of three channels are converted into the XYZ color space by camera characterization. Then, when the raw image is outputted by a display device, another transformation is applied in order to realize XYZ color space to another color space. Most of the monitors and cameras employ sRGB color space, and a gamma correction is applied as usual for color space transformation from XYZ to sRGB. The transformation consists of two steps. The first step is a linear transformation, which calculates the sRGB tristimulus values from the CIEXYZ tristimulus values. The linear transformation is given by " R linear 
The above process ensures accurate color reproduction on a display device.
From the above process, it can be seen that many transformations are applied from raw data to sRGB data. In Eq. (1), we note that the right side of the equation denotes spectral response value instead of the sRGB data. While the sRGB data are used to calculate the SSS, the error will be introduced and the SSS is not accurate in the calculation. It is shown in our experiment. Wu et al.: Recovering sensor spectral sensitivity from raw data 3 Sensor Spectral Sensitivity Recovery In general, to recover the SSS, the spectral power distribution of light reflected from the color chart checker to the camera and three-channel spectral response values need to be obtained. Specifically, matrix I and R are known in Eq. (4). These data can be collected by a spectrometer and a camera with RAW support, respectively. The images of X-Rite Color Checker SG (XCC SG) were captured by Canon 5D MARK II camera and Nikon D100 camera, respectively. Both raw and sRGB files of XCC SG were recorded. Then the raw files can be decoded with software DCRAW.
20 Three-channel spectral response values are calculated through demosaicing according to the procedure in Sec. 2. The raw image and sRGB image are given in Fig. 4 . We can see that the raw image is clearly different from the sRGB image.
Then
The reflectance data were acquired by Avantes spectrometer from 400 to 700 nm. According to Eq. (2), we sample the spectrum by 10-nm intervals for each color patch, i.e., Δλ ¼ 10 nm. The sample results are shown in Fig. 4 (middle). The matrix R for the spectrum is created. Its size is 96 × 30.
When matrix I and R are known, we estimate matrix Q from the following equation:
where R p is the pseudoinverse of R and equals to ðR T RÞ −1 R T . Then, we can easily recover the SSS from Eq. (7). This method can get the excellent results without the noise. However, it is always unstable in the calculation process because of noise.
In order to yield the reliable results, we propose a new object function to solve this problem as follows:
; j¼ 1; 2; : : : ; P (8)
; k¼ 1; 2; : : : ; N;
where I i j is the actual average pixel value of an image patch for the i'th channel;Î i j is the estimated pixel value corresponding to such a patch for the i'th channel. P is the total number of the XCC SG image patches, i.e., P ¼ 96. N is the number of samples, i.e., N ¼ 30.
The object function F 1 ½Q i measures the error between the estimated pixel values and the actual pixel values of all image patches for each channel. We minimize the total error by Eq. (8) to get the Q i .
Due to the fact that the spectral sensitivity of most sensors varies smoothly, we add the term F 2 ½Q i to smooth the sensitivity curves for each channel. Specifically, we enforce such terms by smoothing neighboring values Q k i and Q k−1 i . Generally, the SSS is larger than zero, i.e., Q k i ≥ 0. In addition, the recovery result is invariant to uniform scaling of all sensitivities. Thus, the max value of the sensitivity Q k i is 1. We can take these as a constraint, i.e., Q k i ⊂ ½0; 1. In this way, the SSS recovery problem is converted into an optimization problem. The SSS is obtained by minimizing Eq. (10) with the constraint in Eq. (11) for each channel, and the multiobject genetic optimization is used to get its solution in the next section.
Compared with other methods in the literature, the cost function in our method does not need a basic function to express the SSS. The optimization cost function decreases the error between the measured camera response and the estimated response of the camera under the same input. Moreover, there is no parameter to be determined by the user for the cost function.
Experiment and Results
In this section, we present our experimental results to evaluate our method for SSS recovery. As stated in Sec. 3, threechannel spectral response values are created and a total number of 96 reflectance spectrums from the XCC SG are sampled. The SSS of each channel is obtained by optimizing the cost function in Eq. (10) with the following parameter values which are fixed for our all experiments.
Genetic Algorithm Parameter Settings
To recover the SSS, the multiobject genetic optimization in MATLAB is used to solve the minimization problem. The parameters are set as follows. A double precision number represents each gene in the chromosome, and a bit mutation method is used. In all the experiments, the population type is set as double vector. The population size is 2000. The creation function is set to be constraint dependent. The scaling function is set to be rank scaling. The selection rate is created by stochastic uniform. The reproduction options determine how the genetic algorithm creates children at each new generation. We use the default settings. In other words, the elite count is set to 2 and the crossover is 0.8. The mutation function is set to be constraint dependent. The crossover is set to be scattered.
SSS Recovery Results
We tested our recovered method on two different camera sensors: Canon 5D Mark II and Nikon D100. In order to evaluate the effectiveness of our method, we also obtained the ground truth using monochromatic lighting as used in some state-of-art methods, e.g., Ref. 8. The ground truth is shown as the dashed curves in Fig. 5 .
To evaluate the effectiveness of our method under different illumination conditions, we test our methods under four common illuminations: lamp, sun, blue sky, and cloudy sky. The recovered results by our method are shown as the dotted curves in Fig. 5 . The first row shows the results of Canon 5D Mark II. The second row shows the results of Nikon D100.
Observing the above results, we can see that both of the recovered results are reasonably smooth. The estimated curves are very close to the ground truth. However, we note that the estimated curves of blue and green channels are smooth and match closely to the actual one. The error of the calculated SSS of the red channel is somewhat larger than that of blue and green channels. This may be due to the introduced noise in the image and reflectance spectrum.
Besides, another observation is that the recovered results have less high frequency. It is due to the fact that the smooth constrained term is added into the cost function and the high frequency is eliminated. To examine this in detail, we test our method with the following settings on Canon 5D Mark II under the blue sky. The SSS is calculated by our method without the smoothness and positivity constraint terms. Specifically, the cost function is set to Eq. (8) and the constraint term is set to the spectral sensitivity Q k i < 1. The results are shown in Fig. 6 . We can see that the curves have sharp peaks and the spectral sensitivity is negative among some ranges. In contrast, the results shown in Fig. 5 agree with all constraints. They are smooth and positive. The difference indicates the utility of the smooth constraints for SSS recovery.
Evaluation
To quantify the accuracy of the recovered results, we calculate the average values of root mean square (RMS) errors over three channels between the recovered data and the ground truth. The RMS error can describe the correlation between actual and estimated spectral sensitivity curves.
The RMS errors of the spectral sensitivity curves shown in Fig. 5 are calculated. The results are also presented in Table 1 . From this table, it can be seen that the recovered data are very close to the ground truth. These results show that our method performs well on different sensors under different illumination conditions. Furthermore, to compare the accuracy between the raw data and sRGB data for SSS recovery, we also recover the SSS by our methods using sRGB data. The results are shown in Fig. 7 . The shape of recovered curves is also consistent with the ground truth.
Meanwhile, the average values of RMS errors are also calculated. We note that the RMS errors recovered by sRGB data are relatively larger than the RMS errors recovered by Blue Sky Lamp Cloudy Sun Wu et al.: Recovering sensor spectral sensitivity from raw data raw data. The primary reason is the noise. In process of the recovered results, the noise mainly comes from spectrum measurement errors and the transformation errors between the raw data and sRGB data. Especially, the transformations introduce significant noise and cause the error for results. It is shown by the experimental results in Fig. 7 . Therefore, it validates that the raw data can be used to recover the SSS accurately. For comparing the accuracy of different methods, we compared our method with the method 15 on different illumination conditions. Their method is based on the fact that SSS of different cameras is various and should not deviate a lot from each other. Thus, SSS can be expressed by a limited number of parameters and basic functions. In Ref. 15 , nine Fourier basic functions are used in the calculation. The comparison results are shown in Table 1 . Each line of Table 1 represents the average RMS errors between the recovered results and the ground truth on different cameras under different illumination conditions. Our method is significantly better than the method in Ref. 15 . Through these comparisons, it can be seen that the SSS can be accurately recovered by our method.
We also compared our method with principal eigenvector (PE) method and projecting onto convex sets (POCS) method 12 on two cameras (Canon 5D Mark II and Nikon D100) under different illuminant conditions. The average RMS errors are also calculated between the recovered data and the ground truth for different methods. Table 2 shows the comparison results. The performance with our method is better than the PE and POCS methods.
In the above two experiments, the SSS is recovered by our method with raw data and the other methods with sRGB data. For comparison of the accuracy of different methods with the raw data, we also recovered the SSS by PE and POCS methods. As an example, SSS is calculated on Nikon D100 camera under different illumination conditions. The average RMS errors are calculated for three channels. The results are shown in Fig. 8 .
Note that average RMS errors in PE and POCS methods by raw data are relative smaller than PE and POCS methods by sRGB data. It is also verified that SSS is recovered accurately by raw data.
We can also see that the performance with our method by sRGB is close to PE method. The performance with POCS method by sRGB data is more accurate than that of our method by sRGB data. That is due to the fact that the POCS method uses many constraints to reduce the effect Fig . 6 The recovered results without the smoothness and positivity constraints. Fig. 7 The recovered results and RMS errors by sRGB data.
Journal of Electronic Imaging 023032-6 Apr-Jun 2013/Vol. 22 (2) Wu et al.: Recovering sensor spectral sensitivity from raw data of noise, while our methods have limited constraints for dealing with the noise and focus on recovering SSS from the raw data. Thus, in case of "recovering the SSS from sRGB data," the performance with our method is not much better. However, when the raw data are used for SSS recovery, the performance with our method improves radically while the PE and POCS do not. In Fig. 8 , we can see that our method outperforms the POCS method. Although the difference of RMS errors is small, our method is simple and without the parameters determined by experiments or prior knowledge.
In order to evaluate colorimetric performance of different methods, the average color difference CIEDE2000 (ΔE 00 ) is calculated between these estimated CIEXYZ and the original CIEXYZ values of the color set for the given illumination.
As an example, we calculated ΔE 00 for different methods using the estimated SSS (recovered in Table 2 ) and the actual SSS under the blue sky. The estimated CIEXYZ and the original CIEXYZ values are also calculated according to the procedure as stated in Sec. 2. We choose 24 patches in XCC SG chart as the test target. Figure 9 shows the results of ΔE 00 calculated by different methods. We can see that the performances with our method are better than other methods.
Discussion and Conclusions
In this paper, we propose a new method to recover SSS from the raw data. Compared with the previous methods, our method is simple and practical. No prior parameter for the cost function is set by experiments and prior knowledge in our algorithm. By only taking a single image of a color chart and measuring the illumination using a spectrometer, the SSS can be recovered accurately. 0  1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24 The effectiveness of our method is demonstrated with experiments using real images taken under various illumination conditions. The results show that the recovered sensor curves are very close to the ground truth for different devices. Additionally, some comparison experiments are presented. We find that the SSS recovery from the raw data is more accurate than that from the sRGB color space.
